Abstract. Traditional statistic downscaling methods are processed on independent stations, which ignores spatial correlations 10 and spatiotemporal heterogeneity. In this study, a spatiotemporally distributed downscaling model (STDDM) was developed. 11
Introduction 25
Global warming has caused precipitation redistribution in temporal and spatial distribution (Frei et al. 1998 ; Trenberth et al. 26 2011), increasing the frequency and intensity of floods and droughts, thus seriously threating to social systems and ecosystems 27 (Pall et al, 2000; Dai, 2013) . To the fragile ecological and living environment, what the future hydrological situation will be 28 under future global warming is a crucial question to avoid or reduce damages from climate warming. 29
As a basic tool in assessing future climate change effects, Global Climate Models (GCMs) provide an initial source of future 30
climates (Xu, 1999) . However, GCMs remain coarse with global resolutions larger than 1°×1°, which is unable to apply in 31 regional scale as watersheds. Downscaling algorithms have been developed to link the global-scale GCMs outputs and 32 regional-scale climate variables, including dynamic (Giorgi, 1990; Teutschbein and Seibert, 2012) and statistic (Wilby et al., 33 other RCPs, in the RCP8.5 scenario temperature increases the most, which is corresponds to a highest greenhouse gas emission, 120 leading to a radiative forcing of 8.5 W/m 2 and temperature increase of 7.14 °C at the end of 21st century (Taylor et al. 2012) . 121
Thus, to detect more sensitive precipitation change under climate warming, we selected future simulations in the RCP8.5 122
scenario. 123
The local grid observations (Zhao et al., 2014 ) with a resolution of 0.5°×0.5° are downloaded from the China Meteorological 124
Data Service Center (http://data.cma.cn/). The local grid observations and MRI-CGCM3 historical simulations were used to 125 construct relationship to correct the MRI-CGCM3 data. China metrology point data were also downscaled and used to validate 126 the bias-corrected MRI-CGCM3 simulations. To investigate the relationship between precipitation changes and the 127 temperature increase, we extract not only temperature data, but also precipitations. 128
To quantitatively analyse the precipitation changes under climate warming in 21st century, we compared precipitation between 129 the baseline and future period. As annual precipitation observations have main oscillation periods of quasi-20 years (Zhan et 
Future climates projection based on the spatiotemporally distributed downscaling model 136
Considering the spatiotemporal heterogeneity of precipitations in the regional scale as Poyang Lake Watershed, we developed 137 a spatiotemporally distributed downscaling model (STDDM), which is a logical framework based on a specific mathematic 138 algorithm. The mathematic algorithm was used to create mapping relationship between GCMs simulations in the global scale 139 and climates variables in the local scale. The mapping relationship is used as a translation function to translate future climate 140 simulations from the GCMs scale to regional scale. In the framework, respective mapping relationships between the 141 corresponding matche-ups of GCMs simulations and local climate observations in each different time (eg. Months or seasons) 142
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at each different location, were constructed. The STDDM was improved in adjusting the specific downscaling algorithm 143 suitable to distributed space and time, where downscaling process shows spatiotemporally different in parameters or equations 144 and the output data are spatial continued, compared to the traditional downscaling methods, which ignores the temporal and 145 continuously spatial difference in the downscaling process and expresses the space by discrete points instead of continual space 146
and. 147 Figure 2a shows the logical framework of the STDDM while Fig. 2b demonstrates how it was applied in Poyang Lake 148
Watershed using MRI-CGCM3 based on a linear-scaling algorithm. The STDDM contains three parts ( Fig. 2a and b 
sampling GCMs simulations and local-scale observations to a continual grid space of the same finer resolution; (2) 150 Constructing respective mapping relationship between the GCMs simulations and local observations in distributed space-time; 151 (3) Correcting the GCMs simulations of the future scenario, using the relations constructed in step 2. 152
Up-sampling GCMs simulations 153
With a coarse resolution, unable to be integrated with sub-grid scale features (Grotch and Maccracken,1991) such as 154 topography and land use, the GCMs simulations should be up-sampled to a finer resolution. To get corresponding match-ups 155 of the global-scale simulation and local-scale observation in respective time and space, we up-sampled both GCMs simulations 156 and observations into the same spatial continual grid with a high resolution (Fig. 2a) . 157
In the study, MRI-GCM3 simulations were interpolated by Natural Neighbour Interpolation (Sibson et al., 1981) , to a scale of 158 20 km×20 km, the smallest size of the sub-basin of Poyang Lake Watershed (Zhang et al. 2017 ), generating 263 spatial grids 159 (Fig. 2b) . For the spatiotemporally distributed downscaling, we used China meteorology spatially continua grids as 160 observations, instead of China meteorology stations. The gridded observations were interpolated to 20 km × 20 km, the same 161 as the downscaled climate simulations. The match-up grids of simulations and observations at each time and each grid-box are 162 generated. 163
Constructing relations between the GCMs simulations and local observations 164
As there is an inevitable mismatch between the simulations and observations of different time and space (Li, 2009; Wood et 165 al., 2004) after the up-sampling, bias correction should be performed. The bias correction was processed by using the 166 translation function between match-ups of the up-sampled simulation and observation, which is the relations of the match-ups. 167
As the influencing factors on climates show heterogeneity in space and time, we created spatiotemporal distributed relations, 168 described by the following formula. 169
Where, , TS F demonstrates a translation function, used to correct the up-sampled GCMs simulations.
171
The function is a specific downscaling algorithm spatiotemporally distributed in mathematic equations or parameters, which 172 is constructed based on the data in historical time from 1961 to 2005. 173
In the study, we created translation function based on a linear-scaling algorithm (Lenderink et al., 2007) . For the linear-scaling 174 algorithm, the simulations were corrected by the discrepancy between the simulations and observations in historical time. 175
Precipitations derived from GCMs were corrected by multiplying the precipitation bias coefficient, which is the ratio of the 176 mean monthly observation to simulation in historical time; while temperatures were corrected by adding the temperature bias 177 coefficient, which is the difference value between mean monthly observation and simulation in control time. However, as the 178 bias varies among the Months from January to December and locations of 236 spatial grids, the global standard bias coefficient 179 is prohibited. To better capture the bias in distributed time and space, we should create individual bias coefficient for the given 180
Month and gird box. Thus, a spatiotemporal distributed bias matrix was constructed. The respective downscaling model and 181 bias coefficient for a given Month (T) and space (S) was established by Eq. 2 and 3. 182
where, P (T) represents the precipitation (or temperature) of up-sampled simulations. P' (TM') represents the downscaled 183 result or up-sampled observations; P_Cof (TM_Cof) represents the bias correction coefficient of precipitations (or 184
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Precipitation changes analysis 193

Statistic indices of precipitation changes 194
To obtain the general change in temporal distribution, we calculated monthly precipitations from 1998 to 2100, averaged over 195 the whole watershed. As flood and drought occur more frequently in wet and dry months, we specially analyze the extreme 196 wet and dry precipitation changes in the 21st century. Therein, monthly precipitations, > 75% percentile of the 12 monthly 197 precipitations, were classified as the extreme wet monthly precipitations for each year of the 103 years; monthly precipitations, 198 ≤ 25% percentile were classified as the extreme dry monthly precipitation. The monthly precipitation of 25%-50% and 50%-199 75% quantiles are classified as normal dry and wet monthly precipitations. The wet monthly precipitations include extreme 200 and normal wet monthly precipitations while the dry monthly precipitations include extreme and normal dry monthly 201 precipitations. To further understand precipitation dynamics in frequency and intensities, daily precipitations were categorized 202 into five classes based on the classification by Chinese Meteorological Administration and the possible risk to flood-drought: 203 light rain, median rain, heavy rain, rainstorm, and extreme rainstorm with daily precipitation in 0.1-10, 10-25, 25-50, 50-100 204 and >100 mm/day, respectively. The frequency of precipitation intensities indicates heterogeneity in temporal distribution. 205
The higher frequency of moderate rain means the more homogeneous, vice versa is the extreme rain. Therefore, the 206 precipitation intensities were separated to moderate or extreme rains, including light rain, median rain or heavy rain, rainstorm, 207
Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2018-286 Manuscript under review for journal Hydrol. Earth Syst. Sci. Discussion started: 12 July 2018 c Author(s) 2018. CC BY 4.0 License. extreme rainstorm, respectively. To analysis the changes in precipitation frequencies and intensities, we calculate the annual 208 days of light rain, medium rain, heavy rain, rainstorm and extreme rainstorm from 1998 to 2100 averaged over the whole 209
watershed. Annual total precipitation, annual dry days, annual max daily precipitation and annual max continual dry days are 210 displayed as well. The all above precipitation indexes of one year for the whole watershed were calculated based on the 211 precipitation averaged over the grids containing the 15 stations, instead of the entire grids, as the 15 metrological stations ( 
Where,
x represents monthly (or daily) precipitation of one year;
n is month number (or day number) of a year and  indicates 219 averaged monthly or daily precipitation of a year. VC measures the standard dispersion of data items, which can indicate the 220 unevenness of precipitations in temporal and spatial distribution. In the study, heterogeneity in temporal, spatial and 221 spatiotemporal distribution was measured by temporal, spatial and spatiotemporal VC, respectively. Temporal VC was 222 calculated on the daily or monthly precipitations in one year, where the VC for one year is averaged over that of the 15 stations. 223
For monthly precipitation, we only select extreme wet and dry precipitations, as the extreme wet and dry are more likely to 224 cause floods or droughts and thus should be pay more attractions to. Spatial VC were calculated on annual total precipitations 225 of the 15 stations in one year. Spatiotemporal VC was calculated on the monthly precipitations of the extreme wet months of 226 the wet stations and the extreme dry months of the dry stations in one year, as the extreme precipitation value was more likely 227 to cause floods or droughts. 228
Relationship analysis between precipitation changes and temperature increasing 229
We investigated the precipitation changes as a result of global temperature increase. To this end, we made liner regression 230 between the precipitation index and temperature changes from 2005 to 2100. We note that a mean filter with a widow size of 231 To test whether the downscaling method is effective in climate projections, we compare the results before and after the bias 243 correction in Fig. 3 . The projections with bias corrections show better performance with high correlations and narrow bias, 244 compared to the result without bias corrections. Considering the complexity of climate physical mechanism, which is difficult 245 to accurately simulated by the present methods, the uncertainty could be acceptable. 246
Temporal variation of future precipitation 247
Monthly scale 248
To facilitate discovering the general intra-and inter-annual variability over the future climate warming, we analysed the 249 monthly precipitation changes during the period from 1998 to 2100 in The monsoon is the dominant factor to inter or intra annual variability of precipitation. The reaching time of the monsoon 258 reaching Poyang Lake Watershed, varies in different years, with 1~2 months' advance or delay. Therefore, the rich or poor 259 rain months for different years are not the same. To better demonstrate the opposite variations (the decreases in the dry period 260 and increases in wet), monthly precipitations in each year were sorted in the descending order in Fig. 4(b) . Wet monthly 261 precipitations experienced increasing trend respectively, even with some significant sign; whereas each dry monthly 262 precipitation exhibited decreasing trends, separately, despite the insignificant signs. We accumulated the extreme wet or dry 263 monthly precipitations for each year in Fig. 5 . The precipitation of extreme wet months showed a significantly increasing trend 264 (p<0.05) (Fig. 5a) . Therein, the extreme wet months are mainly concentrated in March-July (Fig. 5c) , part of wet season; 269 while the extreme dry months are mainly concentrated in September-February (Fig. 5d) , consistent to the dry season. 270
Overall, with climate warming over the 21 century, the wet monthly precipitations become wetter while the dry month 271 precipitations become dryer, which highlights the uneven temporal distribution of precipitation (Fig. 6 ). As shown in frequency of moderate rains experienced decreasing trends; in contrast, the annual frequency of extreme rains experienced 283 significantly increasing trends (Fig. 7a) . Statistically, the annual moderate rain frequency was decreased from 170.56 days/a 284 over historical time from1998 to 2017, to 159.55 days/a over future time from 2081 to 2100, by -6.46% with a change rate of 285 -14.4 days/10a; while the annual extreme rain frequency was increased from 19.18 days/a over historical time from1998 to 286 2017, to 23.42 days/a over future time from 2081 to 2100, by 22.10 % with a change rate of 0.49 days/10a (Fig. 7b) . 287
The annual total rainy days, sum of moderate and extreme rains, demonstrated a significantly decreasing trends in the 21st 288 century; whereas the annual total precipitation exhibited a significantly increasing trend (Fig, 7c) . Rainy days were decreased 289 from 187.57 days/a over historical time from1998 to 2017, to 180.37 days/a over future time from 2081 to 2100, by -3.84% 290 with a change rate of -1.00 days/10a; while annual total rain amount was increased from 1650 mm/a over historical time from 291 1998 to 2017, to 1906 mm/a over future time from 2081 to 2100, by 15.55 % with a change rate of 23.00mm/10a. The 292 increasing annual total rain and decreasing annual rainy days suggested more concentrated precipitation and dry days. The 293 tendency might lead to increasing risk of flood-drought, which was also documented by the increasing annual max daily 294 precipitation and max continuous dry days (Fig. 7d) Overall, the significantly inverse change tends in moderate vs extreme rain frequencies, annual total rain vs annual total rainy 299 days, and annual max precipitation vs annual max continuous rainy days, indicated an increasing temporal heterogeneity in 300 precipitation distribution over the 21st century. Obviously, the increasing heterogeneity was also exhibited by the increasing 301 temporal VC of daily precipitations (Fig. 8) . The temporal VC of daily precipitation was increased from 1.50/a over historical 302 time from1998 to 2017, to 1.62 /a over future time from 2081 to 2100, by 7.48% with a change rate of 0.016/10a. 303
Spatial variation of future precipitation 304
Climate warming could cause the rain belt shift (Putnam et al., 2017) , which might lead to precipitation changes in the spatial 305 pattern. The spatial variation was analyzed in Fig. 9 and 10. As floods and droughts occur more frequently in extreme months, 306 the precipitation in the analysis considered only the extreme wet (April-July) and dry (September-February) months (Fig. 5c  307 and d). Besides, precipitation is dominated by southeast summer monsoon, which bring water vapour from the sea. The summer 308 monsoon is frequent from the end of spring and stat of autumn, covering the wet months April to July. However, though as 309 dry months, the autumn period from September to November is affected by southeast summer monsoon (Tan et al., 1994) 310 slightly because autumns are the transpiration periods of summer to winter. Therefore, winter (December-February) was 311 represented as the dry season with poor rain; while April-July was represented as the wet season with rich rain. To visualize 312 the spatial pattern of the precipitation changes in the wet and dry season under future climate warming, we calculated the mean 313 wet or dry precipitation averaged over the historical period from 1998 to 2017 (Fig. 9a or d) , the near future period from 2041 314 to 2060 (Fig. 9b or e) , and the further future period from 2081 to 2100 (Fig. 9c or f) , respectively. The change rate of wet or 315 dry season precipitation from 1998 to 2100 (Fig. 9g or h) were also exhibited the climate warming impacts on the spatial 316 pattern of precipitation changes. 317
As shown in Fig. 9a-c and e-g, precipitations showed a regular spatial pattern both in the wet and dry season. More specifically, 318 precipitations were distributed more in the east and west, which are dominated by southeast and southwest summer monsoon. 319
Whereas, precipitations were distributed less in the north central plain for reasons of being as the leeward sloop of the east 320 (Xuefeng Mountain) and west mountain (Wuyi Mountain), and south bottom depression due to that the water vapor was 321 blocked by the NanLing Mountain in the south (Fig. 1a) . The precipitation distribution in spatial pattern from 1998 to 2100 322
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Yet, wet and dry season precipitations showed inverse changes. The inverse is consistent with the inter-annual variability of 325 increasing precipitation trend in wet months and decreasing trend in dry months (Section 4.2). The wet or dry season 326 precipitations exhibited ascending (Fig. 9a-c and g ) or descending (Fig. 9d-f and h ) change from 1998 to 2100, respectively. (Fig. 9 a-c, g ). In contrast, the dry season precipitation was decreased from 68. (Fig. 9 d-f, h ). The tendency of being wetter in wet seasons and drier in dry seasons might lead to increasing 334 risks of floods and droughts. 335
The increase of precipitation in wet seasons or decrease in dry seasons were also detected in the cells over the entire watershed 336 (Fig. 9g or h) . However, the spatial patterns of changes are complex with regionally different signs ( Fig. 9g and h ). The wet 337 season precipitation increase was different in spatial distribution, with change rate raising from ≤3.6 mm/10a in the southwest, 338 to ≥11.7 mm/10a in northeast; while the decrease of the dry season precipitation in falls from ≥ -2.0 mm/10a in the surroundings, 339 to ≤ -2.7 mm/10a in the centre. In the wet season, the precipitation increased more in the north part of the watershed except 340 for the centre plain (Fig. 9g) ; while in the dry season the precipitation decreased more in the center area (Fig. 9h) . The uneven 341 change rates indicated the increasing heterogeneity of precipitations in the spatial distribution (Fig. 10a) . Specifically, the 342 heterogeneity was raised with the spatial VC increasing from 0.097/a over historical time from1998 to 2017, to 0.110/a over 343 future time from 2081 to 2100, by 12.64% with a change rate of 0.002/10a. 344
However, precipitation changes show a different spatial pattern between wet and dry seasons. From 1998 to 2100, in the wet 345 season (Fig 9a-c) , the wet area (the reddish area, mainly in the north except for the center plain) become wetter; while in the 346 dry season (Fig. 9 d-f) , the dry area (the bluish area, mainly in the north center plain and south depression) become drier. The 347 tendency of being wetter in the wet area and drier in the dry area might enhance the risk of floods and droughts. The drier 348 condition in the dry season and area and wetter condition in the wet season and area also indicated the increasing heterogeneity 349 of precipitations in the spatiotemporal distribution (Fig. 10b) (Fig. 4-5 , 361 Fig. 9a-c) . In fact, the increase of precipitation in Poyang Lake Watershed was detected in previous studies (Yu and Zhou, 362
2007; Ding et al., 2008). In the poor-rain period from September to next February (especially winter time from December to 363 February) with low-frequency summer monsoon, there is less water vapor in atmospheres, which is not easy to condense into 364 rain. Additionally, stronger winds in winter (Wu et al., 2013) blow the evaporation away. The stronger wind in winter enhances 365 the difficulty to gather enough water vapor to rain, compared to the other seasons. When temperature increases over the 21st 366 century, the atmospheres ability of holding water vapors is strengthened, which make it more difficult to precipitate. Therefore, 367 precipitations decrease in the dry season, similar to Li et al.'s (2016) research. As climate warming increases the ability of 368 atmosphere to contain water vapor, it is harder to condense into rain only if it has enough more water vapor (Min et al., 2011; 369 Zhang et al., 2013). Thus, the frequency of heavy rain and free-rain increases, which indicates more frequency of extreme rains 370 and less of moderate rains. Overall, climate warming might make precipitation more uneven in temporal distribution. 371
Hydrol Climate warming could also explain the spatial distribution of precipitation change in dry and wet seasons. In the wet season, 372 the summer monsoon delays in middle and lower Yangtze River Basin. The delaying area covers only the north part of Poyang 373 Lake Watershed. Because of getting rich water vapor from the delayed summer monsoon, precipitation in the north part of 374
Poyang Lake Watershed are increased more with larger change rate (Fig. 9g) . The east of Poyang Lake Watershed is the nearest 375 to the sea, west of Pacific Ocean; thus the east can get more water vapor continually. That's why the change rate decreases 376 from the southeast to northwest. However, in the dry season especially in winter, which is with low-frequency or even no 377 summer monsoon, the water vapor mainly comes from evapotranspiration. In the watershed, there is more evapotranspiration 378 in the periphery, which is covered by high-density vegetation in the northwest, southeast, southwest mountains, and lake of 379
Poyang in the north plain; while there is less in the center, mainly covered by farmland and grassland (Wu et al., 2013). Thus, 380 the moisture decreases from the surroundings to the center. Therefore, it is more difficult to rain in lower moisture area, the 381 center part of Poyang Lake Watershed as temperature increases; thus the precipitation decreasing rate falling from the 382 surroundings to the center in the dry season (Fig. 9h) . 383
To quantitatively analyze the relationship between precipitation changes and temperature increasing, we made scatter plot 384 between precipitation indexes changes and temperature increases in Fig. 11 . Trend analysis was conducted by linear regression 385 over each annual precipitation indexes against the 103 years from 1998 to 2100. The associated slopes represented the change 386 rate for each long-term precipitation indexes. The trend significant sign was indicated by p value. As shown in Fig. 11 , there 387 is statically significant correlations between precipitation changes and temperature increasing, with significant sign of p ≤ 388 0.001 and R≥ 0.78 for 6 precipitation indexes, annual precipitation in wet season (Fig. 11a) , annual max daily precipitation 389 (Fig. 11d) , temporal VC of monthly precipitation (Fig. 11c) , temporal VC of daily precipitation (Fig. 11f) , spatial VC (Fig.  390   11g ) and spatiotemporal VC (Fig. 11h) . However, the change of the other two precipitation indexes, annual precipitation in 391 the dry season (Fig. 11b) and annual max continual dry days (Fig. 11e) , appeared correlated with slight signs of p ≤ 0.05 and 392 R≤ 0.58. The overestimation of light or free-rain from GCM simulations (Teutschbein et al. 2012 ) might explains the slight 393 correlations for annual precipitation in the dry season; while the overestimation of precipitation frequencies (Prudhomme et 394 al. 2003 ) could be the reason of the slight correlation for annual max continual dry days. For all the correlations (Fig. 11a-h results can be applied to a hydrological and hydrodynamic model to study the future changes of water resource, lake level and 426 area response to climate warming. The relationship between precipitation variations and temperature increasing could be 427
helpful to driving force analysis on rainfall changes. Furthermore, for the region where floods and droughts did not occur 428 frequently, additional adaptation measures could be taken to prevent loss from more frequent and serious hydrological disasters. 429
Data availability 430
All data can be accessed as described in Sect. 2.2. The data sets and model codes are provided in the supplements. 
